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Abstract

This is an abstract.

1. Introduction

Long-context understanding has become a core capabil-
ity of modern foundation models, driving strong perfor-
mance in applications such as conversational agents, cod-
ing assistants, and agentic systems. Extensive benchmarks
have been developed to evaluate long-context memory
and document understanding (e.g., SCROLLS [1], Long-
Bench [2], L-Eval [3]), retrieval from extended inputs
(e.g., Lost-in-the-Middle-style retrieval evaluations [4],
RULER [5]), multi-hop or long-context reasoning (e.g.,
MuSiQue [6], BABILong [7]), and long-form multi-
modal/video understanding (e.g., EgoSchema [8], Video-
MME [9], LVBench [10], EgoLife [11]).

For assistive agents that aim to provide lifelong com-
panionship, it is crucial to maintain a personalized under-
standing of individuals shaped by rich, evolving temporal
dynamics. EgoLife offers a pioneering step by extending
from short, monographic videos to week-long observations,
enabling the study of model behavior under ultra-long, real-
life experiences. However, it primarily evaluates whether
models can retrieve or summarize past events, rather than
infer the latent mechanisms underlying human behavior. As
a result, it falls short in assessing whether models can pre-
dict future behaviors or adapt to changes in routines and
preferences.

To address this limitation, we propose SIMLIFE, a scal-
able simulated video benchmark that controls human behav-
ior through deterministic rules.

2. Related Work

Long Video Understanding

Long-Context Understanding Models

3. SIMLIFE Dataset

3.1. Overview
SIMLIFE is a long-horizon multimodal dataset designed to
study behavioral pattern understanding in situated environ-
ments. The dataset is generated using the life simulation
game The Sims 4, where we simulate the daily activities of a
household consisting of multiple family members (referred
to as Sims) and a service robot named Servo Bot. This setup
provides a controllable environment for generating realistic
long-term behaviors and interactions.

We simulate 468 in-game days of household activities
and record from the egocentric view of the Servo Bot. Each
day covers the period from 6:00 AM to 10:00 PM and con-
tains a variety of activities such as cooking, working, social
interaction, and leisure. These simulated days serve as the
fundamental building blocks of the dataset.

3.2. Data Generation Pipeline
The dataset is generated through a multi-stage simulation
pipeline designed to produce long-term behavioral trajec-
tories with controllable patterns. Each simulated charac-
ter (Sim) is initialized with a behavioral profile specifying
probabilistic preferences over activities such as cooking,
fishing, fitness, etc. These profiles serve as the root dis-
tributions governing daily behavior.

Using these profiles, we sample activities to generate
daily routines for the whole family. The resulting routines,
which specify the sequence of activities for a day, are then
compiled into scripts and executed in the game environ-
ment, yielding a pool of approximately 500 simulated days.

Next, we design behavioral patterns that describe recur-
ring activity routines across multiple days. For example, a
Sim may follow a pattern such as “Bob drinks coffee ev-
ery weekday morning after staying up late.” Given such a
pattern, we derive a schedule that specifies what should or
should not occur on each day of a sequence.

Finally, we construct video chains by selecting simu-
lated days from the pool that satisfy the schedule require-
ments and linking them together in chronological order. Be-
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cause of this modular design, individual daily videos can be
reused across multiple video chains while still producing
sequences that exhibit consistent behavioral patterns.

3.3. Data Modalities
SIMLIFE provides multiple synchronized modalities to sup-
port multimodal reasoning.

Video. Each simulated day is recorded as a 1080p video at
30 FPS using OBS1. A video spans approximately 24 min-
utes and corresponds to one in-game day from 6:00 AM
to 10:00 PM. The camera follows the perspective of Servo
Bot, providing an egocentric view of the household envi-
ronment. As a result, the dataset naturally exhibits partial
observability, reflecting the perceptual limitations of an em-
bodied agent. The recordings also contain natural environ-
mental audio generated by the game (e.g., footsteps, object
interactions, and cooking sounds)2.

Game Logs. In addition to visual observations, the
dataset includes structured logs produced by the game en-
gine. These logs record ground-truth actions and events oc-
curring in the environment. For downstream use, we filter
the logs to retain only events that are visible from the robot’s
perspective.

Dialogue and Speech Audio. Characters in the simula-
tion may communicate with one another or interact with
Servo Bot. Dialogue is generated conditioning on the scene
context and behavioral profiles. Each Sim is assigned a
unique voice, and speech volume dynamically adjusts based
on spatial distance and obstacles such as walls, producing
space-aware conversational audio. See more details in Ap-
pendix ??.

Task-Oriented Dialogue. In addition to natural conversa-
tions, some video chains include task-oriented dialogue de-
signed to embed information relevant to downstream tasks.
These dialogues are inserted by controlling the speaker
identities and conversation topics. When necessary, they
replace the default generated dialogue in the correspond-
ing segment of the video chain, enabling targeted evaluation
scenarios such as retrieval or long-term reasoning.

4. Benchmark Design
4.1. Task Design
We propose a “pattern-in-the-haystack” task in a QA format
to evaluate whether an agent can infer a simulated charac-
ter’s behavioral pattern from ultra-long observations. Each

1OBS Studio. https://obsproject.com/
2To comply with licensing constraints, background music and non-

essential vocal effects are removed from the recordings.

behavioral pattern consists of one or more main activities,
supported by one or more deterministic rules conditioned
on time or events.

For instance, the pattern “Bob drinks coffee every week-
day morning or after staying up late” has the main activ-
ity “drink coffee” and includes two conditions: a temporal
condition (every weekday morning) and an event condition
(after staying up late). For each day in the context, we label
whether these conditions are satisfied, which forms a truth
table with different combinations of condition outcomes.

We then construct a video chain to simulate the pattern,
ensuring that each combination of condition outcomes is
observed at least three times. This provides sufficient ev-
idence for an agent to form and verify hypotheses about the
underlying behavioral pattern.

After all combinations have been observed at least three
times, we present four types of questions. All questions
are presented in a multiple-choice format, where the model
selects the most likely statement or action from several can-
didates.
1. Direct Prediction: Predict the most likely behavior

given the current conditions.
2. Counterfactual Prediction: Predict the most likely be-

havior under a hypothetical change in conditions.
3. Inverse Reasoning: Infer the most plausible condition

or cause given a behavior.
4. Noisy Counterfactual Prediction: Predict the most

likely behavior under hypothetical conditions that in-
clude irrelevant or distracting information.
After defining the four question types, we next determine

when these questions are asked within the video chain. For
a behavioral pattern with k conditions, there can be up to 2k

distinct combinations of condition outcomes. To thoroughly
evaluate whether a model truly understands the underlying
pattern, we probe the model under each of these possible
combinations. For example, in the coffee-drinking pattern,
questions may be asked under different situations such as
weekday versus weekend and with or without staying up
late the previous night. Each combination therefore defines
a task instance, resulting in at most 2k tasks for a video
chain.

Each task consists of the four questions described above
and is inserted immediately before the time when the main
activity may occur. The correct answers depend on the con-
dition outcomes of the selected day. A model must answer
all four questions correctly to pass the task. Each ques-
tion also includes carefully designed trap options that are
semantically plausible but incorrect; they may correspond
to unobserved behaviors, contradict the evidence, or be fac-
tually incorrect. This design discourages hallucination and
shortcut reasoning, requiring models to consistently infer
the underlying behavioral pattern from long-horizon obser-
vations. [Roihn: We will have separate columns to show the

2

https://obsproject.com/


Mo 05/10

Tu 05/11

We 05/12

Th 05/13

Fr 05/14

Sa 05/15

Su 05/16

Mo 05/17

Tu 05/18

We 05/19

Th 05/20

Fr 05/21

Sa 05/22

Su 05/23

Mo 05/24

Tu 05/25

We 05/26

Su 05/09
/

Wow, it’s so wet 
in here. Must be 

Dad’s doing! 

Pattern: Father Sim does workout every weekday, unless he cooked dinner together with his wife last night.
Task: answer all four types of questions correctly
Pause the video at: 05/27 2:30 pm

I. Direct Prediction II. Counterfactual Prediction

III. Noise Counterfactual Pred. IV. Inverse Counterfactual Pred.

Q: Will the man in the view do 
workout today? <hint>

A. Yes B.   No

Last frame at 2:30 pm

Weekday? Cooked last 
day?

Do workout?

T T ?
T F ?
F T ?
F F ?

? ? Do workout?

T T ?
T F ?
F T ?
F F ?

Mo? Tu? We? 
Th? Fr? …

{Act1, Act2, 
…} last day?

Do workout?

T T ?
T F ?
F T ?
F F ?

①GT hints provided

②Partial hints provided

③No hints provided

Settings: three levels of hints

E.g. “It is related to whether it is weekday, and whether 
he cooked dinner together with his wife last night.”

E.g. “It is related to the day of the week, and a specific 
action he did last night.”

The truth table header is unbounded. Wildest setting 
but also closest to real-life.Th 05/27

Q: If today were Saturday, would 
the man in the view do workout 
today? <hint>

A. Yes B.   No

<frame omitted>

<think>If today were Saturday, 
then it’s not weekday. The man 
in the view only does workout 
on weekdays. </think> B.

Servo

Q: If last night the man in the view 
had played chess, would he do 
workout today? <hint>

A. Yes B.   No
<think>On 05/10 he played 
chess, and did workout on 
05/11. 05/18 not played, no 
workout 05/19 … Chess event 
has no correlation with it.  
Should neglect it.</think> A.

Servo

Subjunctive -> counterfactual

Q: If the man in the view did not 
work out, which statement would 
be more likely to be true? <hint>

A. He had cooked dinner together 
with his wife last night.

B. He had not cooked dinner 
together with his wife last night.

? Servo

<think>If he cooked dinner 
with his wife, then he won’t do 
workout next day. </think> A.

Figure 1. Example of SIMLIFE benchmark. Given the Father Sim’s workout routine (shown at the top), we simulate three weeks of
daily life that reflect this underlying pattern, recorded from the egocentric view of the Servo Bot. After sufficient observation, models are
evaluated using four types of questions designed to assess their consistency in multi-source reasoning. We further provide three levels of
hints that systematically ablate the skills required for pattern discovery, hypothesis elimination, and situated reasoning.

accuracy of each sub question in the main table, and then
an overall success rate.]

4.2. Task Types

Pattern & Dynamic Understanding Our benchmark
contains 222 video chains for pattern understanding and 56
for dynamic understanding. Pattern understanding tasks in-
volve a single behavioral pattern and primarily evaluate a
model’s ability to infer a fixed behavioral rule from long-
horizon observations. Dynamic understanding tasks contain
multiple behavioral patterns and require models to identify
different patterns as well as detect pattern shifts over time.

Intuitive & Counterintuitive Patterns To further stress
the contextual reasoning required for question answering,
we design half of the video chains (111 for pattern under-
standing and 28 for dynamic understanding) to follow coun-
terintuitive patterns. Unlike intuitive patterns that align
with common sense, counterintuitive patterns associate ac-
tivities with unusual or non-plausible conditions. For ex-
ample, a pattern such as “drink coffee after playing the
piano” is unlikely to be inferred through common sense
alone. Consequently, models must rely primarily on obser-
vations from the video context rather than prior knowledge
when answering questions.

With & Without Predicates We introduce a task variant
that controls whether the predicates defining a behavioral
pattern are explicitly provided to the model. This variant
allows us to distinguish between rule inference and rule dis-
covery settings.

In the With Predicates setting, the conditions compos-
ing the pattern are given as part of the question context.
The model therefore knows the relevant predicates and only
needs to infer the behavioral rule that maps these predicates
to the target activity. Since a pattern with k predicates in-
duces 2k possible combinations, and each combination is
observed at least three times in the video chain, the model
has sufficient evidence to identify the correct rule. A formal
justification for the sufficiency of this observation design is
provided in Appendix ??.

In contrast, the Without Predicates setting does not re-
veal the predicates underlying the pattern. The model must
first hypothesize which variables or events are relevant to
the activity before inferring the rule itself. Because the
hypothesis space is not bounded a priori, this setting is
substantially more challenging and more closely resembles
real-world pattern discovery. We provide a theoretical dis-
cussion on the validity of this formulation in Appendix ??.

5. Result

6. Conclusion
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